In this paper, we present the SemEval-2019 Task 3 -EmoContext: Contextual Emotion Detection in Text. Lack of facial expressions and voice modulations make detecting emotions in text a challenging problem. For instance, as humans, on reading "Why don't you ever text me!" we can either interpret it as a sad or angry emotion and the same ambiguity exists for machines. However, the context of dialogue can prove helpful in detection of the emotion. In this task, given a textual dialogue i.e. an utterance along with two previous turns of context, the goal was to infer the underlying emotion of the utterance by choosing from four emotion classes -Happy, Sad, Angry and Others. To facilitate the participation in this task, textual dialogues from user interaction with a conversational agent were taken and annotated for emotion classes after several data processing steps. A training data set of 30160 dialogues, and two evaluation data sets, Test1 and Test2, containing 2755 and 5509 dialogues respectively were released to the participants. A total of 311 teams made submissions to this task. The final leader-board was evaluated on Test2 data set, and the highest ranked submission achieved 79.59 micro-averaged F1 score. Our analysis of systems submitted to the task indicate that Bi-directional LSTM was the most common choice of neural architecture used, and most of the systems had the best performance for the Sad emotion class, and the worst for the Happy emotion class.
Introduction
Emotions are basic human traits and have been studied by researchers in the fields of psychology, sociology, medicine, computer science etc. for several years. Some of the prominent work in understanding and categorizing emotions include Ekman's six class categorization (Ekman, 1992) and Plutchik's "Wheel of Emotion" (Plutchik and Kellerman, 1986 ) which suggested eight primary bipolar emotions . In recent times, several Artificial Intelligence (AI) agents like Siri, Cortana, Alexa have emerged and they primarily focus on providing users with assistance on specific tasks such as booking tickets or scheduling meetings etc. However, we believe that for machines and humans to develop a deeper partnership, an Intelligence Quotient (IQ) is not enough. These agents need to also possess an Emotional Quotient (EQ). Social conversational agents like Mitsuku 1 or Ruuh 2 (Damani et al., 2018) are experimental agents designed to have human-like persona, and possess a deeper sense of EQ; understanding and expressing emotions is an inherent aspect of these agents. Detecting emotions in textual dialogues is a challenging problem in absence of facial expressions and voice modulations. Moreover, we observed that context of ongoing dialogue can completely change the emotion for an utterance as compared to perceived emotion when the utterance is evaluated standalone. Table 1 presents few such examples. Note that, in the first example "I started crying" will be perceived as 'Sad' by a majority, however considering it in context, it turns out to be a 'Happy' emotion. Similarly, in the second example, the last turn "Try to do that once" is very likely to be perceived as 'Others', however again, a majority will judge it as 'Angry' with the given context. Naturally, considering context to estimate emotion of a text utterance becomes even more important for aforementioned scenarios of digital assistants and conversational agents, because of their text-based conversational interface. This task was designed to invite research interest in the area of emotion detection in text. More details about the task can be found on our web page 3 . The evaluation data set served as a benchmark to compare various techniques and the task received attention from a wide range of researchers from industry as well as academia. We believe continued interest in this field will be beneficial towards making the AI-agents more human-like.
Related Work
Researchers have achieved good results on image based emotion recognition (Wang et al., 2018) , (Zhang et al., 2016) as well as voice based emotion recognition (Pierre-Yves, 2003) . Techniques have been proposed to detect emotions in spoken dialog systems (Liscombe et al., 2005) . However, classifying textual dialogues based on emotions is relatively new research area. Emotion-detection algorithms for text can be largely bucketized into following two categories:
(a) Hand-crafted Feature Engineering Based Approaches: -Many methods exploit the usage of keywords in a sentence with explicit emotional/affect value (Balahur et al., 2011), (Strapparava and Mihalcea, 2008) , (Sykora et al., 2013) . To that end, several lexical resources have been created, such as WordNet-Affect (Strapparava et al., 2004) and SentiWordNet (Esuli and Sebastiani, 2007) . Part-of-Speech taggers like the Stanford POS tagger are also used to exploit the structure of keywords in a sentence. These pattern/dictionary based approaches, although attaining high precision scores, suffer from low recall. Hasan et al. (2014) , Purver and Battersby (2012) , Suttles and Ide (2013) and Wang et al. (2012) have also harnessed cues from emoticons and hashtags. Other methods rely on extracting statistical features such as presence of frequent ngrams, negation, punctuation, emoticons, hashtags to form representations of sentences which are 3 Task webpage: humanizing-ai.com/emocontext.html then used as input by classifiers such as Decision Trees, SVMs among others to predict the output (Alm et al., 2005) , (Balabantaray et al., 2012) , (Davidov et al., 2010) , (Kunneman et al., 2014) , (Yan and Turtle, 2016) . However, all of these methods require extensive feature engineering and they often do not achieve high recall due to diverse ways of representing emotions. For example, the following utterance, "Trust me! I am never gonna order again", contains no affective words despite conveying an emotion of anger or frustration perhaps. (Hochreiter and Schmidhuber, 1997) and Bidirectional LSTM (BiLSTM) (Schuster and Paliwal, 1997) have been effective in modeling sequential information. Also, Convolutional Neural Networks (CNN) (Krizhevsky et al., 2012) have been a popular choice in the image domain. Their introduction to the text domain has proven their ability to decipher abstract concepts from raw signals (Kim, 2014) . Recently, approaches which employ Deep Learning for emotion detection in text have been proposed. Zahiri and Choi (2017) predicts emotion in a TV show transcript. Abdul-Mageed and Ungar (2017) and Köper et al. (2017) tries to understand emotions of tweets. Li et al. (2017) learns to detect emotions on user comments in Chinese language. Felbo et al. (2017) learns representation based on emoticons, and uses it for emotion detection. A further detailed analysis of various approaches have been provided by Chatterjee et al. (2019) . It is worth noting that textual dialogues are informal and laden with misspellings which pose serious challenges for automatic emotion detection approaches. Prior to this task, to the best of our knowledge, the methods proposed by Mundra et al. (2017) and Chatterjee et al. (2019) are some of the few methods that tackled the problem of emotion detection in English textual dialogues.
Task Details
Problem Definition: In a textual dialogue, given an utterance along with its two previous turns of context, classify the emotion of the utterance as one of the following classes: Happy, Sad, Angry or Others.
The motivation for restricting the number of emotion classes stems from the popularity of these emotions in conversational data. The task proceeded in two phases. A training corpus, Train, of 30160 dialogues was provided at the beginning of Phase 1. The evaluation in this phase was done on an evaluation data set, Test1, comprising of 2755 dialogues. The labels for Test1 were made public five weeks before the end of Phase 1, allowing participants time and data to improve their models. The final evaluation was carried out in Phase 2 on a evaluation data set, Test2, which comprised of 5509 dialogues. It is important to note that while the maximum number of submissions a participant could make in Phase 1 was 20 per day, it was reduced to 10 per day during Phase 2.
Data Collection
A data set of textual dialogues was released to facilitate participation in this task. Several data processing steps were performed to create the final set of textual dialogues which are further explained in this section.
Dialogue Collection and Processing
A dialogue mined from the user's interaction with agent is defined as a tuple of 3 values -User Turn-1 (Utterance of the user), Conversational Agent Turn-1 (Response by the agent), User Turn-2 (User utterance as response to agent). To begin with, user interactions with the agent over a period of one year were considered and over 2 million dialogues were randomly sampled. These dialogues further went through the processing and data cleaning as described in further subsections.
Offensive filtering
All the dialogues were passed through a filtering layer to remove offensive and sensitive content such as adult information, politically sensitive topics, or ethnic-religious content, or other potentially contentious material, such as inappropriate references to violence, crime and illegal substances etc. Several lexicons and human judgments were used to achieve this filtering.
PII filtering
Personally Identifiable Information (PII) identifies the unique identity of a given user. This includes personal data like names, phone numbers, email Ids, among others. Dialogues containing any PII content were removed using hand crafted rules and via human judgments.
Language filtering
Given that the agent was available for users across geographies, the dialogues contained multiple languages and users employed code-mixed language as well. We used language detectors as well as user modeling to identify the language in the dialogues and filter non-English dialogues from the data set.
Training Data Set Creation
In the collected textual dialogues the emotion classes were not frequently expressed and hence directly annotating a random sample of textual dialogues results in very low volume of textual dialogues with emotion class. This problem was tackled by Gupta et al. (2017) and we used similar heuristics and strategies to ensure a higher ratio of textual dialogues with emotion classes. This exercise was primarily conducted to reduce the cost of human judgments and is further explained below. We started with a small set (approximately 300) of annotated dialogues per emotion class obtained by showing a randomly selected sample to human judges. Using a variation of the model described by Palangi et al. (2016) , we created embedding for these annotated dialogues. Potentially similar dialogues were further identified from the entire pool of dialogues using a threshold-based cosine similarity and these dialogues form our candidate set for each emotion class. Various heuristics like presence of opposite emoticons (example ":'(" in a potential candidate set for Happy emotion class), sentiment analysis, length of utterances etc. are used to further prune the candidate set in certain cases. The candidate set is then shown to human judges to determine if they belong to an emotion class. Using this method, we cut down the amount of human judgments required by five times as compared to showing a random sample of dialogues and then choosing dialogues with emotion class from them. Data belonging to class "Others" is collected by randomly selecting dialogues from our pool of dialogues and were human labelled to discard any dialogues with emotion class such as Happy, Sad or Angry. Figure 1 shows the distribution of different classes in training data set.
Evaluation Data Set Creation
Unlike training data set where we intentionally over sampled dialogues from emotion classes to help participants with a larger volume of data with emotion classes, we maintained the natural distribution of emotion classes in evaluation data sets. We randomly sampled and annotated two evaluation sets, Test1 and Test2, of size 2755 and 5509 respectively. Detailed distribution of emotion classes in these sets is described in Table 2 .
Emotion Class Labeling
For this specific task of emotion class labelling, 50 human judges were trained. Given a dialogue, i.e an utterance with two previous turns as context, a judge was asked to annotate the utterance as belonging to one of the following four classes: Happy, Angry, Sad or Others. All dialogues were judged by 7 human judges and a majority consensus was taken as the final class label. Fleiss' Kappa score (Shrout and Fleiss, 1979) of 0.58 was observed on training data set and of 0.59 on evaluation data set. Such a Kappa score indicates the existence of multiple perspectives about the underlying emotion of a conversation.
Data Analysis
In this section we analyze the utterance in the dialogue that was judged by human judges for emotion classes. Figure 2 shows the distribution of the word count of utterances per emotion class. We observed that users tend to repeat emoticons several times. Hence emoticons were removed from utterances for this calculation, as a result of which the utterances which had only emoticons are clubbed in the leftmost bin with utterance of length 0. It can be observed that happiness is often expressed through emoticons and hence happy emotion class has highest count under the bin of 0 word count. Also, happiness is often expressed in fewer words as compared to other emotions can be observed from the graph. Another point to note is that angry emotion class is often expressed using more words as compared to other emotion classes. Figure 3 shows the most frequent unigrams per emotion class in our data set. Note that emoticons are not considered as unigrams for this analysis. The length of the radius in the spiral graph denotes the frequency of the unigram in all the utterances belonging to that particular emotion class. In order to avoid neutral words like "my", "what", "sure" from showing up in the analysis, we consider only those unigrams which are not in the top 500 list of most frequent unigrams of the "Others" class.
Word Count

Top Unigrams
Top Emoticons
Emoticons are frequently used in textual dialogues, as was observed by Gupta et al. (2017) , who found 21% of textual dialogues to contain emoticons. Table 3 shows the top emoticons observed in utterances per emotion class. While most emoticons align with our expectations of the most frequent emoticons, it is interesting to note the frequent use of broken-heart emoticon to express sad emotion.
Evaluation Metric
Evaluation was carried out using the microaveraged F1 score (F 1 µ ) for the three emotion classes -Happy, Sad and Angry on the submissions made with predicted class of each sample in the evaluation data set. To be precise, we define the metric as following:
∀i {Happy, Sad, Angry}
where T P i is the number of samples of class i which are correctly predicted, F N i and F P i are the counts of Type-I and Type-II errors 4 respectively for the samples of class i.
Our final metric F 1 µ is calculated as the harmonic mean of P µ and R µ .
Baseline Model
To encourage and assist participants in making their first submission, we provided a starter kit, which consisted of scripts for training a naive baseline model. The script also enabled participants to cross-validate their model and create a submission file. This section explains the baseline model in detail.
Data Processing
Minimal data pre-processing steps were provided. These included replacing certain repeated punctuation marks with their single instances, lower casing, removing extra space and tokenization. For example, "I am so happy!!" was converted to "i am so happy !".
Model Architecture
We modeled the task of detecting emotions as a multi-class classification problem where given a dialogue, the model outputs probabilities of it belonging to four output classes -Happy, Sad, Angry and Others. The three turns are concatenated using a special <eos> token. The concatenated input is passed into a pre-trained word embedding layer, which projects the words into continuous vector representations. We used 100 dimensional GloVe embeddings (Pennington et al., 2014) for this purpose. The embeddings are processed by an LSTM layer, which produces a 128 dimensional representation of the sentence. This representation is then mapped to a 4 dimensional output vector which outputs probabilities per emotion class using a fully connected neural network. The architecture of the model was kept deliberately simple and was intended to serve as a starting point for participants. The baseline model achieved a F 1 µ score of 0.5861 on the final leader board and most teams were able to beat the baseline model. Further details on the model and its comparison with other systems can be seen in Table 5 .
Systems and Results
As mentioned earlier in section 3, the task was conducted in two phases. The first phase saw a participation from 311 teams and 164 teams participated in the second phase. In this section, we briefly describe the top systems 5 , followed by observations across systems regarding the techniques used and their performance across different emotion classes.
Top Systems
Due to the overwhelming number of participants, we cannot describe all systems. We describe the main features of the top few systems ranked according to their final performance.
• NELEC uses a combination of lexical features such as word and character grams, along with additional signals like emotional intensity, valence-arousal-dominance scores. In addition, they use adult, offensive and sentiment classifiers' scores from neural models. Using these features, the authors trained a Light-GBM tree (Ke et al., 2017) , which achieves better performance than their deeplearning based architecture.
• SymantoResearch explores different deeplearning based architectures, some of them employing multi-task learning to better classify Others class vs. emotion classes. By ensembling such architectures with fine-tuned BERT (Devlin et al., 2018) and USE (Cer et al., 2018 ) models, the authors are able to distinguish three emotions (Sad, Happy, Angry) and separate them from the rest (Others) more accurately.
• ANA uses an ensemble of fine tuned BERT model and Hierarchical LSTMs, where the semantic and emotional content of text is encoded via GloVe, ELMo (Peters et al., 2018) and DeepMoji (Felbo et al., 2017) embeddings, following which a contextual LSTM encodes the entire dialogue for prediction.
• CAiRE HKUST experiments with combinations of feature based models and end-to-end neural models. The feature based models use various pre-trained word embeddings and emotional embeddings, combining them with Logistic Regression and XGBoost (Chen and Guestrin, 2016) . For the end-to-end neural models, the authors found the performance of hierarchical models, which take sequential nature of dialogue into account, to be better.
• SNU IDS proposes several methods for alleviating the problems caused by difference in class distributions between training data and test data. The authors also present a semi-hierarchical neural architecture combining character and word embeddings that effectively encodes an utterance in context of the previous utterances.
• THU-HCSI is composed of three CNNbased neural network models trained for different base tasks -four-emotion classification, Angry-Happy-Sad classification and
Others-or-not classification respectively. The authors use multiple steps of voting to combine the predictions of these base classifiers, resulting in a more accurate and robust model performance.
• Figure Eight uses an ensemble of transfer learning models for capturing the representations of the utterances. Using sophisticated fine-tuning techniques described in ULMFiT (Howard and Ruder, 2018) , the authors observe that transfer learning using pre-trained language models outperforms models trained from scratch.
Miscellaneous Observations
From the system description papers of the top 15 teams, we observed that BiLSTMs/LSTMs were the most frequently used neural models. GRU (Chung et al., 2014) and CNN models were used by a few teams, and some variations of attention mechanism were employed by most of the teams to enhance performance of their models. Transfer learning using BERT, ELMo, ULMFit was a popular choice among top teams, and almost all the teams used an ensemble of their best models to create the final model. Table 6 : Performance statistics of all participants. Table 4 shows the embeddings used by the top 5 teams. It can be observed that GloVe was used most frequently. BERT and ELMo were the most popular choice for transfer learning. NTUA-SLP embeddings (Baziotis et al., 2018) were used as well to leverage its affective information. Participant teams tried various ways to encode the emotional content expressed by emoticons, and Deepmoji and Emoji2Vec (Eisner et al., 2016) were utilized in this regard. A good number of teams used the "ekphrasis" package (Baziotis et al., 2017) for tokenization, word normalization and word segmentation. Table 5 displays the detailed performance of the top 15 6 participant teams. Upon inspection, it can be observed that the performance of the systems on the Happy class was not as good as the other emotion classes for the evaluation set. We believe, this is largely due to the natural ambiguity existing between neutral and happy utterances. For example, a greeting like "Happy Morning" can be thought of as expressing a happy emotion by some, while being judged to be neutral by others. We also observed that most systems performed best for the Sad emotion class. Table 6 provides some basic statistics on the results obtained by the whole set of participants.
Performance across Emotion Classes
Conclusion
A total of 311 teams made submissions to the task. The final leader-board was evaluated on Test2 data set, and the highest ranked submission achieved 79.59 F 1 µ score. Our analysis of systems submit-
